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ABSTRACT
MEASURING ACCESSIBILITY TO FOOD SERVICES TO IMPROVE PUBLIC
HEALTH
MAY 2022
EFTHYMIA KOSTOPOULOU, DIPLOMA, NATIONAL TECHNICAL
UNIVERSITY OF ATHENS
M.S.C.E., UNIVERSITY OF MASSACHUSETTS AMHERST
Directed by: Professor Eleni Christofa

Food accessibility has lately been of primary interest given its impact on public health
outcomes. This thesis illustrates the gaps in food access by applying spatial analysis in
Massachusetts accounting for a variety of demographic and socioeconomic factors. The
number of grocery stores, farmers markets, and convenience stores within 1/4 and 1 mile
of the Census tracts’ centroids are the two accessibility metrics used in the spatial analysis.
In addition, a regression model is developed using the Gradient Boosting machine learning
method to show the relationship between the socioeconomic factors and the number of
grocery stores within 1 mile of the Census tracts’ centroids. Percent of minority population,
population in poverty, vehicle ownership, and population density are the factors used as
explanatory variables. The results include histograms and maps for the spatial analysis,
which show that access to food services is higher in urban high-density areas regardless of
high poverty and minority percent values. The regression model results include partial
dependence plots, variable importance plot as well as a map that illustrates the standard
deviation of the residual values. This research can inform that when the vehicle ownership,

iv

the minority and poverty percent increase, the number of grocery stores increases, as these
values are high in big cities where there is high availability of food retailers.
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CHAPTER 1
INTRODUCTION
1.

INTRODUCTION

Accessibility is defined as the ease of reaching facilities and activities. One of the more
complete definitions that has been given is “a person's ability to reach necessary or desired
activities using the available transportation modes in an urban area.” (Geurs & Ritsema
van Eck, 2001). Accessibility can be targeted at different types of opportunities that might
be of interest, food retailers, jobs, recreational activities, healthcare.
Access to jobs is a social determinant of health as it can influence a household’s income
and therefore access to multiple other goods and services including transportation options,
healthcare, education, etc. Access to goods and services is another major determinant of
health. Lack of proximity and transportation options to access hospitals/medical centers or
healthcare providers have been documented as obstacles to receiving sufficient healthcare
services (Epstein, 2001; Healthy people, 2020). Access to education not only improves
one’s potential for job access and sufficient income, which are also strongly correlated with
health outcomes, it has also been found to influence people’s behaviors toward a healthier
lifestyle. Educated individuals are more likely to engage in physical activity and receive
preventative care (Schoeni et al., 2008). Access to recreational activities encourages
physical activity as well as social interactions that benefit mental health. Access to transit
motivates physical activity but also has some indirect health benefits through the reduction
in air pollution and traffic accidents (Kahn et al., 2002). In addition, it improves overall
accessibility for disadvantaged populations bringing additional health benefits. Finally,
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access to high quality food has been found to be negatively correlated with chronic disease
such as diabetes and cardiovascular disease as well as obesity (Sloane et al., 2003).
Accessibility to food services is a principal topic to examine as it is strongly associated to
health. The food environment can either promote or discourage the choice of a healthy
dietary depending on the variety of products that it provides. There are usually communities
that do not have the advantage to live in areas with nutritious food or even in cases that
healthy stores are present, they are not necessarily accessible. Economic barriers associated
with race and ethnicity as well as vehicle ownership are some of the socioeconomic factors
that affect the access to food. Food insecurity is an existing problem in North America as
it affects the 8% of Canadian households (Statistics Canada, 2010) and the 15% of US
households (Nord et al., 2008). Almost 53.6 million Americans live in a food desert based
on the USDA’s definition of food deserts (Rhone & Ver Ploeg, 2017). Around 97% of food
desert residents are consistent to the criteria for Supplemental Nutrition Assistance
Program Massachusetts and close to 20% of black families do not have stable access to
food (Latzsch, 2021).
The objective of the present study is to identify areas lacking access to food in
Massachusetts using spatial analysis and to understand the connection between
socioeconomic variables and access to food by developing a regression model using
Machine Learning method.
First, we present a literature review focusing on definitions of food accessibility, food
accessibility metrics as well as advantages, disadvantages, data needs and tools that these
metrics need to be applied. Second, we present the problem statement, data used, and then
2

the spatial analysis and regression model. The results of both the methods are followed.
Finally, conclusions are presented where the contributions, limitations and future work are
discussed.
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CHAPTER 2
LITERATURE REVIEW OF FOOD ACCESSIBILITY
2.

LITERATURE REVIEW OF FOOD ACCESSIBILITY

2.1. Definitions of food accessibility
Access to food has been described through the lens of socioeconomic characteristics to
reveal the relationship between available food stores and community participation. Food
desert, food swamp, food hinterland, food security and insecurity are some of the terms
used to describe lack of food access. In general, food access is defined as the ability to
obtain food items needed from outlets that are available within a neighborhood (Eckert &
Shetty, 2011) or as the peoples’ ability to find and afford food (Alexander & Kelley, 2014).
A variety of studies present the definition of food desert. In (Food, Conservation, and
Energy Act of 2008, Title VI, Sec. 7527, 2008) food desert is described as an area in the U
S. with limited access to supermarkets, supercenters, grocery stores, or other sources of
healthy and affordable food that may make it harder for some Americans to eat a healthy
diet. The US Department of Agriculture provides the following approach to describe food
deserts (USDA - ERS, 2021b):
“Limited access to supermarkets, supercenters, grocery stores, or other sources of healthy
and affordable food may make it harder for some people to eat a healthy diet in this country.
There are many ways to measure food store access for individuals and for neighborhoods,
and many ways to define which areas are low-income and low access neighborhoods that
lack healthy food sources. Most measures and definitions consider at least some of the
following indicators of access:
4

i.

Accessibility to sources of healthy food, as measured by distance to a store or by
the number of stores in an area;

ii.

Individual-level resources that may affect accessibility, such as family income or
vehicle availability; and

iii.

Neighborhood-level indicators of resources, such as the average income of the
neighborhood and the availability of public transportation.”

A food swamp is a place where unhealthy foods are more readily available than healthy
foods while food swamps typically exist in food deserts, where there are limited options
for purchasing healthy foods. A food swamp might be an area where there is predominance
of small corner stores and carry-outs, but no healthy food sources, such as supermarkets or
farmers markets (Behrens et al., 2015).
The term of food hinterlands is introduced in (Leete et al., 2012) as low-food-access areas
typically are away from the centrally located food deserts. These are often areas with lower
population density, usually dispersed suburban areas.
Food security is a situation in which all community residents obtain a safe, culturally
acceptable, nutritionally adequate diet through a sustainable food system that maximizes
community self-reliance and social justice(Hamm & Bellows, 2003). It is noted that food
security has been modified many times since 1970s (Maxwell, 1996). Both food security
and insecurity are expressed in levels by the USDA as (USDA - ERS, 2021a):
Food Security
5

i.

High food security (old label=Food security): no reported indications of foodaccess problems or limitations.

ii.

Marginal food security (old label=Food security): one or two reported indications—
typically of anxiety over food sufficiency or shortage of food in the house. Little or
no indication of changes in diets or food intake.

Food Insecurity
i.

Low food security (old label=Food insecurity without hunger): reports of reduced
quality, variety, or desirability of diet. Little or no indication of reduced food intake.

ii.

Very low food security (old label=Food insecurity with hunger): reports of multiple
indications of disrupted eating patterns and reduced food intake.”

2.2. Food accessibility metrics
2.2.1. Definitions
The most common metrics used in studies so far, are related to travel time or distance
between food retailers and a point of interest. Other types of metrics that have been used
are the density of food retailers within a bounded area as well as the quality of the products
based on their nutrition. More recently, product affordability, captured by food prices, as
well as the frequency of visits to food retailers are metrics used in identifying gaps in food
access.
Travel time has been used in various ways. In one study it is defined as the one-way travel
time between the residence and the primary store (Chavis et al., 2018). Travel time has also
6

been defined between centroids of geographic areas and food stores (Dai & Wang, 2011)
such as a Census block (Farber et al., 2014) or Census tract (Widener, 2017) centroid and
the nearest stores. The maximum time to get to a grocery store by different modes is
considered as well (Bhuyan et al., 2020)
In other studies, distance is described as the mean distance from residential units to food
stores (Eckert & Shetty, 2011; McEntee & Agyeman, 2010). Another metric is the distance
from a Census block centroid to the nearest supermarket (Apparicio et al., 2007; Leete et
al., 2012) or from the population-weighted centroid to the nearest store (Sharkey et al.,
2009). In (Leete et al., 2012) the average distance to the three closest supermarkets is
calculated. A combination of driving and straight-line distance between residence and
primary store is another approach to measuring distance (Chavis et al., 2018).
Food store density can also be used as an accessibility metric to determine gaps. A network
distance within one quarter of a mile from the population-weighted center point (Gordon
et al., 2011) and the stores that are accessed within one quarter and a half mile by walking
as well as one and five miles by driving (Fanous et al., 2016). Another way is to measure
the number of supermarkets within one mile or kilometer from the Census block centroid
(Apparicio et al., 2007; Leete et al., 2012).
Regarding food quality assessment, one way is to use the healthy food availability index
(HFAI) (Chavis et al., 2018; Olendzki et al., 2015) obtained in earlier studies, or consider
that the primary store is SNAP or FoodAPS (Chavis & Jones, 2020).
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Furthermore, food prices can be used to describe the accessibility of a store. Food staple
prices, junk food prices, fruit and vegetable prices, and standardized price index (SPI) have
been derived (Ghosh-Dastidar et al., 2014). To include products of different prices, another
study uses three supermarkets so that they have variety in the prices in addition to the
products (Apparicio et al., 2007).
The frequency of grocery stores visits in a week or in a month as well as the number of
stores visited per month have also been used as accessibility metrics (Bhuyan et al., 2020;
Chavis & Jones, 2020).
There are some studies that define unique metrics to measure food access. Travel cost from
the Census block group centroid to the nearest supermarket, including the value of time
and the operating cost, is an interesting metric used in a recent study (Losada-Rojas et al.,
2021). The intensity for mobile object q at the kth location x on a network times the
locations that have larger shares of regional activities can describe the food access, as the
higher the intensity the higher the accessibility (Horner & Wood, 2014). A retail potential
index is structured and equals to one minus the ratio of supply of the inner city over the
supply of non-inner-city tract to characterize if the inner or non-inner tracts are underserved
(Diao, 2015). Finally, mapping clusters of grocery stores and fast-food restaurants has been
explored (Baker et al., 2006).
2.2.2. Advantages
In this section the advantages of the different accessibility metrics are presented. Distance
from residential units provides detail and reduces aggregation errors. Network distance
considers congestion and so, it provides more realistic results. This is also the case for when
8

density is measured by buffers that were created based on road network distances. Variety
of stores has been used in order to provide variety in prices. This has the potential to include
different products, affordability, as well as quality. Travel cost has the benefit of accounting
for both the access and affordability aspect of a trip to access food. Indices that are
structured to examine the food environment are very useful as they can quantify
affordability and healthiness price and nutrition for which they use variety of food stores,
concluding to include diversity of healthy and unhealthy options.
2.2.3. Disadvantages
The primary limitation of using distance from a Census centroid is that it does not always
coincide with the population centroid. This means that in areas with low population density
or unevenly populated areas stores in close proximity to the centroid are not necessarily
accessible. Furthermore, Euclidean distance does not account for congestion. Density that
is calculated using radius buffers is not based on the existing transportation network and
therefore, deeming the travel cost to stores unrealistic. Furthermore, the frequency of visits
can be ambiguous as a metric. A high frequency of visits could indicate high car ownership,
which could be leading to multiple visits per month or lack of access to a vehicle, which
results in the need to visit a store more often.
2.2.4. Data needs
Depending on the metric that is used, different data needs emerge. Travel times are usually
provided by respondents in a survey (Bhuyan et al., 2020; Chavis et al., 2018) but more
extensively in the case of walking/transit travel times, transit stops, routes, schedules and
pedestrian network are needed (Farber et al., 2014). The locations of the food stores and
9

the center of interest are necessary when calculating time and distance (Apparicio et al.,
2007; Dai & Wang, 2011; Eckert & Shetty, 2011; Leete et al., 2012; McEntee & Agyeman,
2010; Sharkey et al., 2009; Widener, 2017). When density of stores is measured the
locations of food retailers are needed (Fanous et al., 2016; Gordon et al., 2011). For
identifying the quality of the products, nutrient information and FoodAPS data are essential
(Chavis et al., 2018; Olendzki et al., 2015). Prices of products in various types of food
stores are also necessary to allow for exploring food affordability (Apparicio et al., 2007;
Ghosh-Dastidar et al., 2014). Finally, frequency requires survey results as it is defined
using the responses on how many times an individual visits a store (Bhuyan et al., 2020;
Chavis & Jones, 2020).
To investigate the population groups that are characterized by food access inequities,
socioeconomic and demographic characteristics data are needed. Race and ethnicity,
income and poverty level, educational attainment, vehicle ownership, age gender, marital
status and number of children and adults in a household, public cash assistance (SNAP),
employment, are data that can be used. Furthermore, data on the variety of food retailers is
essential to differentiate between healthy and unhealthy options. Supermarkets,
convenience stores, farmers markets, fast food restaurants are the main categories that have
been used in the literature.
2.2.5. Tools
Until recently, researchers used a variety of methodologies to find gaps in access to food.
The main approach for exploring access to food and identifying gaps is through spatial
analysis, and in particular, the use of Geographic information system (GIS). The main GIS
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tools typically used for spatial analysis in food access is the buffer analysis and the network
analysis, which sets a distance either around the food retailer or a center of interest, the
density and proximity as well as network analysis.
The Network Analyst tool is used to calculate either time or distance using the existing
road network and the speed limits of it (Chavis & Jones, 2020; Dai & Wang, 2011; Eckert
& Shetty, 2011; Fanous et al., 2016; McEntee & Agyeman, 2010; Widener, 2017).
Euclidean distance has been used as an alternative to the network distance in spatial
analyses (Leete et al., 2012). Spatial clustering of supermarkets and fast-food restaurants
using the SaTScan is another approach used in research (Baker et al., 2006).
In addition to the spatial analysis, regression models have been estimated to capture
differences in food availability as a function of community income and housing density for
stores of various types and sizes (Olendzki et al., 2015). Examples of these models have
used demand and supply variables (Diao, 2015), variables that affect shopping to the
nearest store (Bhuyan et al., 2020) and have explored the relationship among obesity,
distance to store, and standardized price index (Ghosh-Dastidar et al., 2014).
Differences in grocery store shopping behavior by car ownership have been assessed by
descriptive statistics and ANOVA analyses (Bhuyan et al., 2020). In order to examine
relationships between the metrics, correlation matrices have been structured (Chavis et al.,
2018). Another tool that has been used in recent research is the cost distance tool in ArcGIS
which can calculate travel cost (Losada-Rojas et al., 2021). Moreover, Chi-Square
Automatic Interaction Detector (CHAID) decision tree is an approach that builds a
predictive model to determine which factors best predict the outcome of a given dependent
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variable (Chavis & Jones, 2020). Additionally, the KD2SFCA method measures spatial
accessibility to food stores by integrating a kernel function in each step of the methodology
(Dai & Wang, 2011). Finally, the Nutrition Environment Measure Survey (NEMS) tool has
been used to measure the food environment (Hubley, 2011).
2.3. Accessibility studies
2.3.1. Important findings
The findings in studies so far are related to demographic, socioeconomic and geographical
characteristics. Race and ethnicity, income, car ownership, poverty level, housing density
are the most important components that determine accessibility to quality food accessibility
in different locations of the U.S. The results reveal that the existence of other types of
inequities (e.g., low versus high income communities) leads to inequities in food access as
well.
People who live under the poverty level have usually disadvantaged access to food sources.
More specifically, in Vermont, one third of the fifteen Census tracts that had individuals
below the poverty level was identified as a food desert (McEntee & Agyeman, 2010) while
in Cincinnati, Ohio the transit-based accessibility was slightly higher for people living
below the poverty level (Farber et al., 2014). Race affects access to food similarly to the
poverty level. More specifically, in Saint Louis, Missouri, those who live in mixed or white
high poverty areas and in areas that have a higher percentage of African American
individuals have lower access to food than those who live in white and higher-income
communities (Baker et al., 2006). In Cincinnati, Ohio, Black or African American and older
adults have worse access to supermarkets (Farber et al., 2014). In New York City, the most
12

favorable food desert scores existed on the Upper East Side, which is an area with mostly
white, middle and upper-income residents while Black block groups had fewer healthy
bodegas and supermarkets and a lower food desert index score (Gordon et al., 2011).
Income and vehicle ownership have an impact on food access. Access improves when
smaller stores are included while national food chains or small stores are not provided in
neighborhoods that have low income and car ownership (Eckert & Shetty, 2011). In
Pittsburg, Pennsylvania, low-income participants were found to be willing to travel further
in order to reach stores with lower prices when obesity rates of those who buy from low
price stores are higher (Ghosh-Dastidar et al., 2014). In Baltimore city, it was found that
the frequency of visits to grocery stores in a month increase with car ownership but does
not change with income while people with vehicles visit more stores in a month. Regardless
of mode, people are not willing to travel more than twenty minutes to reach a store (Bhuyan
et al., 2020). In the same city, it is found that the 44.5% of those who do not own a car
chose transit to go to supermarket while one out of four stated that it was their primary
mode for visiting a store (Chavis & Jones, 2020).
Four study areas in Indiana revealed that the cost to healthy food providers is lower for
urban areas than for rural when driving or walking modes are considered (Losada-Rojas et
al., 2021). Moreover, in Massachusetts, it is found that rural areas are highly depended on
cars in order to access food while low-income residents and SNAP receivers are related to
poor food access. However, the average vehicle access reduces with the increase of food
access index scores at block group level (Fanous et al., 2016). In Hamilton County, Ohio,
advantaged are those who have a car as the travel costs are lower in comparison to transit.
13

Additionally, at 30 minutes travel time and higher the low-income and low access tracts
have greater average number of supermarkets (Widener, 2017). Neighborhoods in Colonia,
Texas presented that Census block groups with greater deprivation of vehicle ownership
had a bit better access to supermarkets, grocery stores and fast-food restaurants (Sharkey
et al., 2009).
Housing density can cause differences in accessibility. In central Massachusetts, the lack
of food retailers was associated with lower housing density and the upper tercile of median
household income (Olendzki et al., 2015). . In Somerset County, two of the eight grocery
stores exist in areas which have high density of population while areas with lower density
feature three of the eight supermarkets (Hubley, 2011). Another study in the Boston
Metropolitan area shows that 82.4% of inner-city Census tracts are underserved while the
respective percentage in non-inner-city tracts is 55.4%; inner city refers to the
socioeconomic status of them and not to the geographic location (Diao, 2015). In Montreal
Island good proximity to supermarkets exists in peripheral areas while urban areas have
more diversity and variety of supermarkets (Apparicio et al., 2007). Finally, in Mississippi
and Portland, Oregon, neighborhoods, which are socioeconomically disadvantaged have
worse overall accessibility to retail outlets (Dai & Wang, 2011; Leete et al., 2012).
2.3.2. Summary of Literature Review
Studies that utilize a variety of accessibility metrics and include most of the four important
dimensions of income, affordability, distance and quality are considered as the most
complete studies. Diversity of food retailers is important as well as it guarantees variability
in prices and quality. Furthermore, multiple sociodemographic information can provide
14

more realistic results that includes the most population groups as possible and so it is
valuable.
Based on these aspects, a recent study in Massachusetts examines the accessed stores
within 1/4 and 1/2 miles by walking as well as 1 and 5 miles by driving (Fanous et al.,
2016). Both metrics are estimated using the GIS Network Analyst tool. It is interesting that
two different modes are taken into consideration using different buffer distances based on
a tool that measures these distances using information of the existing network.
Furthermore, it categorizes food retailers in healthy and unhealthy using the area of the
store, as larger stores are more likely to be providing a variety of products that inlcude
healthy options. Regarding socioeconomic factors, the percent of households that are single
parent, have Black or African American as well as Hispanic or Latino householders, and
children under five years old are considered. Additionally, the median household income,
vehicle ownership, and the percent of households in SNAP are included as significant
components of influencing the accessibility. This study examines different community
types as well (e.g., rural vs urban).
Another recent study in Baltimore, Maryland uses both travel time and road network
distance to stores, while accounting for food quality and variety using a variety of
household data such as employment and primary food store as well as nutrient information
(Chavis et al., 2018). Various travel modes are considered including car, walk, and bus.
This study structures correlation matrices to assess the relationship between variables,
finding that the travel time is the most important predictor. Similarly, another study in
Baltimore, Maryland (Chavis & Jones, 2020) uses a variety of metrics related to frequency
15

of visits, quality of products and distance between home and stores, to evaluate access to
grocery stores. Another new study in Indiana, estimates three spatial autoregressive models
in order to investigate correlations between travel costs and variables that include a variety
of socioeconomic characteristics (Losada-Rojas et al., 2021).
2.3.3. Limitations
Given that income, distance, affordability and quality, have been identified as important
aspects influencing food access, studies are limited when any of those is excluded. More
specifically, there are studies that consider only distance (Eckert & Shetty, 2011; Gordon
et al., 2011; McEntee & Agyeman, 2010; Sharkey et al., 2009) and others only travel time
(Dai & Wang, 2011; Farber et al., 2014; Widener, 2017), with one of them taking into
account the dispersion of travel time during the day (Farber et al., 2014). Additionally,
some studies use distance and store density (Apparicio et al., 2007; Leete et al., 2012)
including examining the variety of stores. Another study considers only prices and the
marketing of the store (Ghosh-Dastidar et al., 2014). Distance or travel time are not
included in (Olendzki et al., 2015) where the focus is on the quality of products that are
available at different stores.
Additional limitations of these studies concern those related to how the accessibility
metrics are obtained including the data that are used. For instance, Euclidean distance
doesn’t account for congestion that could be affecting travel times (Leete et al., 2012).
Furthermore, some studies assume that residents buy food from the nearest food retailer
(McEntee & Agyeman, 2010) or the major food retailer (Ghosh-Dastidar et al., 2014) rather
than a variety of stores located in their area. Additionally, mere focus on rural areas
16

(McEntee & Agyeman, 2010) or poor neighborhoods (Gordon et al., 2011) excludes the
socioeconomically disadvantaged populations of urban and high-income areas, assuming
that they have access to food stores. Public transit and its impact on accessibility is not
always considered (Fanous et al., 2016; Horner & Wood, 2014; Leete et al., 2012). In some
instances, e.g., (Horner & Wood, 2014) only people with access to a vehicle are considered,
excluding people that cannot afford a car.
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CHAPTER 3
METHODOLOGY
3.

METHODOLOGY

3.1.Problem Statement
The objective of the present study is to identify areas lacking access to food using spatial
analysis and to understand the connection between socioeconomic variables and access to
food by developing a regression model using Machine Learning method.
3.2.Methods
This paper conducts a spatial analysis on ArcGIS to define buffer zones within a distance
in order to measure the number of grocery stores, farmers markets and convenience stores
that exist within. Farmers markets represent healthy but not necessarily affordable food
choice, grocery stores indicate both healthy and affordable choices, while convenience
stores offer less nutritious food options. This variety in food retailers is helpful for
investigating which population groups have access to good quality food and illustrate the
gaps of those who derive this benefit.
In addition, this study creates a regression model using a Machine Learning method, which
is the Gradient Boosted Model (GBM). It is an ensemble method that typically uses
decision trees as weak learner and has high flexibility. The Generalized Additive Model
(GAM) was used too but the GBM had better accuracy and fit. In addition, the standard
deviation of the residuals of the GBM was better than the standard deviation of the GAM.
These performance characteristics lead to choosing the GBM. The objective of this model
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was to investigate the relationship between the number of grocery stores within a distance
and a variety of socioeconomic factors.
3.3. Data
Food retailer data (convenience store, grocery store, and farmer’s market locations) are
provided by the Commonwealth of Massachusetts and the Metropolitan Area Planning
Council (Commonwealth of Massachusetts, 2021; METROPOLITAN AREA PLANNING
COUNCIL, 2021). Food data sources and types are presented in Table 3.1. Before the
analysis starts, data clearance on grocery stores and convenience stores was needed. From
the initial number of 3592 grocery stores, we removed the unverified ones and so 1818
remained. Then, we erased those stores that were identical or had similar and same address
and the final number came up to 1801 grocery stores. About the convenience stores, starting
with 3,176 ones, 2,031 remained after removing the unverified stores. The final number
after removing those with the same store or similar address was 2,010 convenience stores.
Demographic data that characterize population groups include race and ethnicity, percent
of population in poverty and number of vehicles per household size. Census tract is the
zonal system which contains the data that are available by the Metropolitan Area Planning
Council. In order to explore the gaps in accessibility to food, this study uses as population
characteristics the minority percent, vehicle ownership and percent of population in
poverty. The percent of minority populations is defined as the percent of the population
that is Latino/Hispanic, Black/African, American Indian and Alaska Native, Asian, Native
Hawaiian and Other Pacific Islander within each Census tract. Additionally, vehicle
ownership is determined on a per person bases, calculated as the number of vehicles in a
19

Census tract over its population. The percent of population in poverty is used as it is taken
from the raw data and it is the population in poverty over the total population of a census
tract. Demographic and socioeconomic data sources and types are also presented in Table
3.1.
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Table 3.1 Description of dataset.

Category

Food

Demogra
phic and
Socioeconomic
Character
istics

Data Type

Date

Data Source

Farmer’s markets

June
2016

Commonwealth of
Massachusetts

Food retailers in
Massachusetts

20142018

Metropolitan Area
Planning
Council (MAPC)

Population in
poverty
Household Income
Race and Ethnicity
Household Size by
Number of Vehicles

20142018

Resoluti
on
Point
data

Metropolitan Area
Planning
Council (MAPC)
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Key attributes/description
Location data

Census
tract

Location data

Census
tract

Percent of population in poverty
Percent of Hispanic, Black/African, Asian and other races
and ethnicities
Number of persons per household and number of vehicles per
household

3.4.Spatial Analysis
To investigate access to food, this thesis uses ArcGIS 10.8.2 to analyze the data. The first
step is to determine the centroids of the Census tracts, simplifying the analysis under the
assumption that demographic characteristics are concentrated on that centroid. This study
explores two ways to access food retailers, by walking and driving. Different distance
buffers are used for these two modes. Several studies suggest 1/4 miles as the most suitable
distance to represent walkability (Corazza & Favaretto, 2019; Foda, 2010) while 1 mile is
suggested for access by driving (Fanous et al., 2016). As a result, a radius buffer of 1/4 and
1 mile from the centroid of each Census tract is used to estimate the number of groceries,
farmers markets and convenience stores that are accessible. Using the number of accessible
food retailers, this study creates a ratio of the number of grocery stores that are accessible
within the specified radius from the centroid, over the population of the Census tract, i.e.,
number of grocery stores per person that are within this specified range. Access to farmers’
markets and convenience stores are assessed in a similar way.
Histograms are then used to provide a descriptive analysis of the socioeconomic
characteristics (i.e., minority percent, vehicle ownership and poverty percent) and explore
how these characteristics relate to the access to food ratios for the three different types of
food services (i.e., grocery stores, farmers’ markets, and convenience stores). Percent
minority, vehicle ownership and poverty percent are three significant factors that can be
correlated with access to food. For this purpose, it is useful to sort the three
demographic/socioeconomic parameters by ascending order. Then, the analysis uses bins
for each of the socioeconomic characteristic variables. The average values of minority,
vehicle ownership and in poverty percent are calculated for each of these bins and plotted
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against the access to food retailers per person ratios. About minority, the bins that are
created are for the following percent ranges 0.0% - 2.5%, 2.5% - 5.0%, 5.0% - 15.0%,
15.0% - 25.0% and greater than 25.0%. The bins of population in poverty, include the
percent ranges of 0% - 5.0%, 5.0% - 10.0%, 10.0% - 15.0% and greater than 15.0%. Finally,
the bins for vehicles ownership are 0 – 0.25, 0.25 – 0.5, 0.5 – 0.75, 0.75 – 1.0.
In addition to the histograms, a variety of maps are created and presented to relate the areas
with specific socioeconomic information to the areas with high or low number of food
retailers. The same socioeconomic characteristics mentioned above are used to create
different maps. In particular, maps showing the accessibility to groceries, farmers markets
and convenience stores within 1/4 miles and 1 mile respectively are created.
3.5. Model’s structure using Machine Learning methods
This study also develops an access to food regression model using machine learning
methods to assess which of the various socioeconomic factors are more strongly associated
with on food access. The Gradient Boosted model gives as a result the number of grocery
stores within a Census tract that we should be expecting based on what we currently
observe in Massachusetts. It gives the justification of identifying the most important
aspects that are correlated with access. The Gradient Boosted model trains a decision tree
in which every observation has an equal weight. After evaluating the first tree, the gradient
boosted algorithm increases the weights of those observations that are difficult to classify
and lowers the weights for those that are easy to classify. A second tree is grown on these
weighted data. The predictions of the final ensemble model are the weighted sum of the
predictions made by the previous tree models.
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The input dataset includes the number of groceries within one mile from the Census tracts’
centroid which is the target variable and is the output of the spatial analysis, the number of
vehicles per person, the percent of population in poverty, the minority percent as well as
the population density. These variables are represented as follows:
Target variable:
[Join_Count]: number of grocery stores within 1 mile of the Census tracts' centroid
Socioeconomic factors:
[veh_per_person]: Vehicles per person
[inpov_p]: Percent of population in poverty
[minority]: Minority percent
[Pop_Density]: Population density (per square mile)

Figure 3.1 Sorted dataset used for the Gradient Boosted Model, in Jupyter
environment.
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The data are sorted based on the population density and referenced to the Census tracts of
Massachusetts, as shown in Figure 3.1. Therefore, the dataset has 1,472 observations which
is equal to the number of Census tracts. The study first explores the relationship between
all three variables by checking the collinearity using the matrix shown in Figure 3.2. As it
can be seen, there are non-linear relationships between the target variable and the rest of
the factors. However, correlation is not an issue as the GBM is a non-linear/non-parametric
method that can address this due to regularization. However, this correlation matrix is
useful as it shows the non-linear relationship between all the variables proving that we

25

should use a non-linear method for our model. The output gives the number of groceries
that is needed in every Census tract.

Figure 3.2 Correlation matrix for all the variables used for the Gradient Boosted
Model.
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The model uses a 20/80 test/train set. The number of boosting stages, indicated as
n_estimators in Figure 3.3, is chosen as a range between 200 and 1000, with a step of 200.
Gradient boosting is fairly robust to overfitting, so a large number usually results in better
performance. The maximum depth, which limits the number of nodes in the tree, is chosen
between the values 1, 3, 5 and 7 based on the best out-of-bag error (OOB). The subsample
sets the fraction of samples to be used for fitting the individual base learners. Values lower
than 1.0 result in Stochastic Gradient Boosting. Typically values around 0.8 work well but
here the value 0.6 gives the least mean square error (MSE). Figure 3.3 shows that m=7 and
n_estimators = 400 corresponds to the lowest OOB and so, this combination is selected for
further analysis.

Figure 3.3 Gradient Boosted Model performance based on the out-of-bag error and the
number of estimators.
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CHAPTER 4
RESULTS
4.

RESULTS

4.1. Spatial Analysis
This spatial analysis has resulted to maps showing each demographic and socioeconomic
characteristic by Census tract as well as histograms presenting the relationship between
each one of the socioeconomic factors and the number of each type of food retailers per
person so that the explanation of the results can be integrated. Figure 4.1 shows the number
of grocery stores per person within 1/4 miles of the Census tract centroid by the minority
percentage. This figure shows that the least number of accessible groceries per person
appears for Census tracts that present a 2.5% to 5.0% of minority population. For Census
tracts with higher percentages of minority individuals this accessibility metric increases.
Figure 4.2 presents a similar pattern for the access to grocery stores within 1 mile of the
Census tract centroid. However, for Census tracts that have a minority percentage between
0% and 2.5%, the number of grocery stores per person is closer to 0.0025 in comparison to
0.00017 for the 1/4 radius. For Census tracts with minority percentages greater than 25%
the number of grocery stores per person is the highest for both radii used.
Figure 4.3 shows that the number of farmers’ markets per person within 1/4 mile of the
Census tract centroid is similar for all Census tracts regardless of minority percentage
values, except for those with 2.5% - 5.0% of population belonging to a minority group, for
which the number of accessible farmers’ markets is the lowest which might happen as this
range of minority percentage exists in rural areas rather than urban where the stores are
more. For Census tracts with percent of minority population greater than 5.0%, the number
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of farmers’ markets per person increases gradually and the highest number exists for those
tracts with percent minority higher than 25%. Figure 4.4 shows the number of farmers’
markets per person within 1 mile of the Census tract centroid and indicates that when the
minority population is lower than 5.0% of the Census tract population, no farmers markets
are accessible, while after 5.0% they increase gradually. Regarding convenience stores
whose histograms are presented in Figure 4.5 and Figure 4.6 for a radius of ¼ and 1 mile
respectively, they have similar pattern to the number of grocery stores within 1 mile for
both radii.
In order to spatially illustrate the forementioned results, this study also presents a map of
the Census tracts minority percentages in Massachusetts (see Figure 4.7). The map reveals
urban areas such as Boston, Lowell, Worcester and Springfield concentrate higher
percentages of minority populations. These high-density urban areas also provide higher
accessibility to food services. A zoomed inn version of this map for the Boston metropolitan
area is provided in Appendix A.
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Figure 4.1 Number of grocery stores per person within 1/4 miles of the Census tract
centroid by the minority percentage.
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Figure 4.2 Number of grocery stores per person within 1 mile of the Census tract
centroid by the minority percentage.
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Farmers Markets per person
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Figure 4.3 Number of farmers’ markets per person within 1/4 miles of the Census
tract centroid by the minority percentage.
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Figure 4.4 Number of farmers markets per person within 1 mile of the Census tract
centroid by the minority percentage.
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Convenience stores per person
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Figure 4.5 Number of convenience stores per person within 1/4 miles of the Census
tract centroid by the minority percentage.
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Figure 4.6 Number of convenience stores per person within 1 mile of the Census
tract centroid by the minority percentage.
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Figure 4.7 Percent of Minority Population By Census
Tract.
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An exploration of the spatial distribution of the percent population in poverty can provide
further explanations to gaps in food accessibility. Figure 4.8 shows the number of grocery
stores per person within 1/4 mile from the Census tract centroid by the percent of
population in poverty. This figure reveals that the number of grocery stores presents an
increasing trend with the percent of population in poverty. Figure 4.9, which shows the
number of grocery stores per person within 1 mile from the Census tract centroid by the
percent of population in poverty presents a similar gradual increase; however, in this case
the number of grocery stores within 1 mile presents a drop for poverty percentages between
5.0% - 10.0% which is reasonable as these areas are rural, with fewer stores. In the farmers’
markets case, Figure 4.10 and Figure 4.11 show similar to the respective ones for grocery
stores; yet the number of accessible farmers’ markets is much lower than the number of
accessible grocery stores for the same Census tracts. Similar trends are also observed for
the convenience stores (see Figure 4.12 and Figure 4.13). However, in Figure 4.13 the
number of convenience stores person within 1 mile is the same for poverty percentages
between 0% - 5.0% and 5.0% - 10.0%.
The map in Figure 4.14 depicts the population in poverty in Massachusetts by Census tract.
As in the case of minority, higher poverty percentages are observed in primarily urban
areas. However, in the case of poverty, the west side of Massachusetts is affected
significantly as there is a percent until 15% of population that lives under it. Higher poverty
percent values appear in Boston, as it is shown on the map on Appendix A.
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Figure 4.8 Number of grocery stores per person within ¼ of a mile of the Census
tract centroid by the percent of population in poverty.
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Figure 4.9 Number of grocery stores per person within 1 mile of the Census tract
centroid by the percent of population in poverty.
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Figure 4.10 Number of farmers markets per person within ¼ of a mile of the Census
tract centroid by the percent of population in poverty.
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Figure 4.11 Number of farmers’ markets per person within 1 mile of the Census
tract centroid by the percent of population in poverty.
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Figure 4.12 Number of convenience stores per person within ¼ of a mile of the
Census tract centroid by the percent of population in poverty.
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Figure 4.13 Number of convenience stores per person within 1 mile of the Census
tract centroid by the percent of population in poverty.
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Figure 4.14 Percent of Population in Poverty By Census
Tract
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This research explores vehicle ownership as a third socioeconomic characteristic. This
section consists only of plots with a radius of 1 mile, as it is intended to only explore access
by driving. Figure 4.15, Figure 4.16 and Figure 4.17 show the number of groceries, farmers
markets and convenience stores respectively for Census Tracts with varying vehicle
ownership. They all show that the number of food retailers of all the types decreases as the
number of vehicles per person increases.
Figure 4.18 depicts a map of the vehicle ownership in Massachusetts. It illustrates that in
cities such as Boston and Springfield there is lower car ownership than in the suburbs. This
can be explained by the fact that in large cities with high population densities there are
multiple means of transportation available, which allow residents to have alternative trip
choices. However, in suburban areas where the vehicle is almost the only choice, vehicle
ownership is high as noted for the west side of the state. Therefore, the number of grocery
stores, farmers’ markets, and convenience stores, that are gathered in higher quantities in
the big cities, are correlated with lower vehicle ownership values.
The last part of the spatial analysis results includes the maps of grocery stores, farmers’
markets and convenience stores within 1/4 and 1 mile respectively, shown in Figure 4.19 –
Figure 4.24. These maps are connected directly to the histograms presented above, and they
allow for an effective visualization of the areas that have higher access to food. Zoomed in
maps for the Boston metropolitan area are shown in Appendix A of this thesis.
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Figure 4.15 Number of grocery stores per person within 1 mile of the Census tract
centroid by the vehicles per person.
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Figure 4.16 Number of farmers markets per person within 1 mile of the Census tract
centroid by the vehicles per person.
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Figure 4.17 Number of convenience stores per person within 1 mile of the Census
tract centroid by the vehicles per person.
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Figure 4.18 Vehicles per person by Census Tract
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Figure 4.19 Number of grocery stores within 1/4 miles of the Census tract centroid.
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Figure 4.20 Number of grocery stores within 1 mile of the Census tract centroid.
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Figure 4.21 Number of farmers’ markets within 1/4 mile of the Census tract centroid.
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Figure 4.22 Number of farmers’ markets within 1 mile of the Census tract centroid.
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Figure 4.23 Number of convenience stores within 1/4 mile of the Census tract centroid.
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Figure 4.24 Number of convenience stores within 1 mile of the Census tract centroid.
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Figure 4.25: Population density map with quantile classification.
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4.2. Model’s structure using Machine Learning methods
The Gradient Boosted model is used in this study in order to investigate the relationship
between the socioeconomic factors and the number of grocery stores within 1 mile of the
Census tract centroid. The GBM has a mean absolute error (MAE) of 2.9 and a root mean
square deviation (RMSE) of 5.1, which reveal great performance. The RMSE represents
the magnitude of the error, while MAE indicates that the difference between the observed
and predicted grocery stores is about 3 grocery stores. Additionally, the very good fit is
shown in Figure 4.26. Furthermore, Figure 4.27 shows the importance that each of the
socioeconomic factors has on the GBM. Population density is the most important variable
followed by vehicle ownership. These justify the strong relationship observed through the
spatial analysis of higher numbers of food retail in urban high-density areas and lower
numbers in suburban areas that are also characterized by high vehicle ownership.

Figure 4.26 GBM predicted versus fitted values.
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Figure 4.27 Variable Importance Plot produced by GBM.
Figure 4.28 shows the relationship between the number of grocery stores and the
population density, number of vehicles per person, as well as the percentages of the
population in minority and in poverty. The vertical axis represents the magnitude that
reveals how much, in a positive or negative way, the number of grocery stores is affected
by each factor shown in the horizontal axis. As shown, these relationships are non-linear.
The population density plot reveals that as the population density increases, the number of
grocery stores within 1 mile increases as well. The vehicle ownership plot shows that
higher values of vehicle ownership are related to smaller numbers of grocery stores.
Furthermore, the minority percent and poverty percent do not seem to be affect the number
of grocery stores within 1 mile, as this number is pretty similar to any percent value of
these socioeconomic factors.
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Figure 4.28: Partial dependence plots between the number of groceries within 1 mile
and the socioeconomic factors.
The last part of analysis using the GBM, was investigating how well it can model the
number of grocery stores for various census tracts across Massachusetts. This was done
through the creation of a map of residuals for the state, as shown in Figure 4.29. The map
is classified based on the standard deviation of the residual, which is the observed minus
the predicted value. This classification shows how much a location's residual value varies
from the mean residual value. The highest value of residuals is 34 and the lowest -20. The
mean residual value is -0.11 and the median -0.025. The standard deviation is 2.3. These
low values illustrate GBM’s good performance. In the map, the blue color, which has a
positive standard deviation, indicates that the observed minus predicted value is positive
and so the number of grocery stores in that Census tract is higher than the predicted number,
which indicates that those areas are underserved based on statewide trends. On the other
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hand, the red color indicates that the number of grocery stores are fewer than the predicted
number, as the difference is negative, and therefore, they are not underserved based on
statewide trends. White Census tracts correspond to those that the model predicts number
of grocery stores that are close to the actual number of grocery stores; these are the majority
of the Census tracts in the state, another indication of the good fit of the model.

Figure 4.29 Map of the GBM residual values with standard deviation classification.
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CHAPTER 5
CONCLUSIONS
5.

CONCLUSIONS

5.1. Summary
Accessibility to food services is a growing concern worldwide as it is inextricably
associated with public health outcomes such as obesity and angina. These outcomes are
also often correlated with demographic and socioeconomic characteristics, so it is
important to determine the degree to which these outcomes can be explained by access to
food. Information about income, in particular, the percent of population in poverty, race
and ethnicity, as well as access to vehicles are significant factors of access to food. A variety
of studies have approached this issue using spatial analysis tools such as GIS. Distance,
travel time and density of food retailers were found to be the most common measures of
accessibility.
In this research, distances that are considered appropriate for walking and driving to access
food are considered as measured from the centroids of Census tracts. Minority and in
poverty population percentages as well as vehicle ownership are the factors used to
evaluate food access in Massachusetts in order to reveal inequities. Grocery stores, farmers
markets and convenience stores are the food store types considered in this study, which are
related with both healthy and unhealthy choices. This study performs a spatial analysis
using ArcGIS to identify the areas that experience gaps in food access and a machine
learning model to predict the number of grocery stores as a function of socioeconomic
characteristics and reveal inequities based on those Census tracts that deviate from the
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statewide trends. The metric used for the spatial analysis is the number of grocery stores,
farmers’ markets and convenience stores that is accessible within a distance from the
Census tracts’ centroid. Results show that areas with higher minority and in poverty
populations are more likely to have high access to food. Additionally, areas with higher
vehicle ownership present lower access to food retailers. These results are correlated with
the fact that minorities and people living in poverty, as well as those with low vehicle
ownership are concentrated in big urban centers. As population density increases, the
number of food retailers increases as well.
In addition to the spatial analysis, a regression model is developed using the gradient
boosting method. The target variable is the number of grocery stores within 1 mile from
the Census tracts’ centroid that has been extracted from the spatial analysis. The
socioeconomic factors that are used as explanatory variables are the percent of population
in minority, and in poverty, as well as the population density and the number of vehicles
per person. The results include partial dependence plots that show the relationship between
the target variable and the socioeconomic factors. Finally, a map based on the residuals of
the GBM is created.
5.2. Main Findings
The combination of spatial analysis and modelling was very useful to understand the status
of access to food in the state of Massachusetts and identify areas that are underserved in
terms of access to food based on statewide trends. The maps reveal that urban areas such
as Boston, Lowell, and Springfield have larger availability of food stores and they are also
characterized by higher percentages of minority populations and population in poverty. The
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GBM identifies the most important factors, i.e., population density and vehicle ownership,
which are in agreement with spatial trends showing lower food access in high density areas
and high vehicle ownership at low food access suburban areas. Finally, plotting of the
model’s residuals allow us to determine the areas that can be characterized as underserved
in terms of access to food based on statewide trends, therefore, revealing potential
inequities.
5.3. Limitations and Future work
The main limitation of this work is that the results illustrate the availability of food rather
than the true accessibility. Even if minority populations live in centers where food services
are provided in abundance, it does not necessarily mean that they provide affordable
choices. Consequently, alternative metrics should be used to explore the issue that can
capture affordability, e.g., accounting for product prices. Additional travel modes such as
public transit and bicycling should also be considered while accounting for the presence of
infrastructure facilitating the efficient and safe operations of such alternative modes.
Furthermore, investigating accessibility by food store type could reveal correlations of
access to food based on some healthiness level.
Another limitation is related to the fact that centroids are the geometric centers of Census
tracts rather than their population density centers and so they are not as representative as
they should be. Besides distance buffers, travel time would provide further information for
accessibility to food retailers as it would account for the actual network and dynamic
congestion phenomena. GIS’ Network Analyst is a powerful tool that takes into
consideration the existing network as well as the travel mode and can be used in future
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work. Finally, analysis using the resolution of Census blocks rather than Census tracts
could provide more representative results.

57

APPENDIX A

Figure 1: Percent of population in minority in Boston, MA.
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Figure 2: Percent of population in poverty in Boston, MA.
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Figure 3: Vehicles per person in Boston, MA.
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Figure 4: Number of grocery stores within 1/4 miles of the Census tract centroid in Boston, MA.
61

Figure 5: Number of grocery stores within 1 mile of the Census tract centroid in Boston, MA.
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Figure 6: Number of farmers’ markets within 1/4 miles of the Census tract centroid in Boston, MA
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Figure 7: Number of farmers’ markets within 1 mile of the Census tract centroid in Boston, MA.
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Figure 8: Number of convenience stores within 1/4 miles of the Census tract centroid in Boston, MA.
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Figure 9: Number of convenience stores within 1 mile of the Census tract centroid in Boston, MA.
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Figure 10: Map of the GBM residual values with standard deviation classification in Boston, MA.
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